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Figure 1 (Color online) Some images from Visual Genome (13] and their corresponding relationship descriptions. The
blue and red predicates stand for the coarse ones and precise ones, respectively
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Figure 2 (Color online) Tasks of the scene graph generator and the biased branch. The scene graph generator predicts

relationships between a pair of objects, while the biased branch predicts possible relationships in the image without being
assigned object pairs of interest
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SR OC R TN GE 7. T BAB T R I 7E 0 AR R S SR R v AR R 3 s L ) ol = ) O ALk
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VCTree 61 F1 HET 221, Koner %5 231 {#i[f] T Transformer [18], M Yang & 24] F Qi & (25] f§i Ff] 7 & 4
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VR 1o BC B R OC 2 T Guo 55 U15) PR THE S 00 R 21 R 36 OC J M AL R M2 9 DL R TR0 H 11
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Figure 3 (Color online) Details of the ABP method. During the training stage, the predicate scores from the scene graph
generator are added with those from the biased branch (the red path). The green path stands for the training process of
biased branch. During inference, only those scores from the scene graph generator are retained. The dotted paths only
exist in training stage
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Figure 4 (Color online) Examples of the soft predicate labels (distribution) of windows. Each window has a soft label

shown on the right side. The probability of each predicate in the soft label corresponds to the overlap between the
relationship instance (shown with similar color) and the window

HI g RIS RBRE (WL 3.3 /NT9) FFiIZR M. TIAEHEWTEY B, 2% R PS5 R AR T4 518
R M, BIRAHERT SR ¢ = qi;.

FESERRSES ORI, INZRI QAR 53 30 M7 BN — DR A R R B0 2 g8 BEFLITEL, F15
BRI R TB D HL qi; FHIN, BEASIE 103757 B L BRAS I G PRk, AL RESRAT 1t — PR T

BRITMNDZ M NERXBRXFFIEE. BT 032 M DEBRXEARA, it EEA
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K 4 o, e, ERERFER 0 W OARIE S (8) THEED 4L qu, IFTHEIRME (W 3.3 /M), iZHk
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IR R £ OFEING s BN M R Lo FINZRA 5> 3C M BIEE Lo PIERS, H

L BIEMR R softmax A2 USRI OE R 73 FR 1 softmax 8 X%, v mlih 5w

1 N «T 1 l x T tr
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WA BR 7, R FHE {0}, RERIR AR {r )}, BH W,
Wit WK RBRERE 1w e RIPIHL

11— (|P| + 1) 4R,

2: for t < 0 to |P| do

3: St + 0;

4: fork=1— M do

5: Pij < Tk E‘]%’é%”*ﬂ?%,

6: if (t ==0) or (p;; ==t and area(b; (Y W) > 0 and area(b; (Y W) > 0) then
7: St<—StUbiUbj;

8: end if

9: end for

10:  1™[t] « /1{t == OJarea(W) + (1 — 21{t == O}areca(W (N Sy) <« 1{z}=1 K HNH = NK;
11: end for
12: Return I* /sum(l%).

L N softmax 22 S, tHEWF:
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I 1 - wT
Ly = N wE:1l log (softmax (g,)) . (12)
PRI S A 45 2Ry
L=Lpm~+BLrr =Lo+aLlr+ BLpa, (13)

Hrp o F1 B R F T, KTE 4.2 /NN 10 e FLHUE.

4 SIGZER
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WS, AU FEAE LN A s BEdEE FFET. (1) Visual Genome 131, AR SR 4
W21 Xu 45 OV bFER) VG150 WA, 1ZIRASE G 150 SRR 50 FhoC &R, IIZRa A & H
Lo 73, RS %, MIIZREE b 73 th 5000 5K IE A 1R RERUESE. [RINF, Sh T RILAEASE OC & id E
PERE, ASCRH Li 55 12 e, ¥ 00 Rl RSl g B &5 3 4, RISk (KT 10000 4~3241)
HiE] (500~10000 ANSERFD) FUEF (4>F 500 A~S261). (2) VRD M9, SR 4E0EE 100 S904RH1 70 Fi
KF&, A 4000 FKIIZGEE R A 1000 5KMEREEE Fr. (3) OpenImages 29, AR A Li 46 12 {4 A 1)
V6 hA, B AR UIZRER « I uE AR SR 2354 126368 7K. 1813 5K AN 5322 5K IR, idG 601 284
AN 30 FPOC R

VEMIERR. SEIGAE 3 bRk (VTS EiE47 Pl (1) K R0 52 (predicate classification, PredCls),
RI5 5 bRy IR AERN ], H R E R ER; (2) =K 72E (scene graph classification, SGCls), BfI
25 TEANME PR HE, TR AR R; (3) B4 K (scene graph generation, SGGen), Bl 75 Z [F]
BT A RN TRINOC &R F TAE S FH T Rs & K A RR (RQK) 1100 (HiZ bR A BE1R 7 Hh s ik
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#Fz 1 VG150 MiX&E E ABP S EAEAERERH THERMKIER. KWL Motif AAZEEKRE. B tir
B AN RBAARCEINME. MARMTRIZS B REFFURFIIMERE

Table 1 Ablation study on VG150 with different configurations of ABP based on Motif. Methods with { mark are
implemented by ourselves. The top-2 performances are shown with bold and underline, respectively

. Settings PredCls (%)
Experiment No. Training Inference mR@20 / 50 / 100 R@20 / 50 / 100
1 (Motif [14]) X X 115 / 14.6 / 15.8 59.5 / 66.0 / 67.9
2 (Motif!) x X 125 /159 / 17.2 59.1 / 65.5 / 67.3
3 (Motif+TDE [14]) X Post-processing 18.5 / 25.5 / 29.1 33.6 /46.2 / 51.4
4 Random X 12.5 / 15.8 / 17.2 59.4 / 65.7 / 67.5
5 Frequency x 20.2 / 27.1 / 30.0 39.2 / 50.3 / 53.5
6 Window x 26.8 / 33.3 / 35.5 35.4 / 42.3 / 44.1
7 Shuffled window X 29.4 / 35.6 / 37.6 34.2 / 40.3 / 41.9
8 Random Window 84 /105 /11.3 57.7 /63.9 / 65.6
9 Frequency Window 12.6 / 15.9 / 17.2 56.5 / 63.6 / 65.5
10 Window Window 13.0 / 163 / 17.6 58.1 / 64.7 / 66.4
11 Shuffled window Window 16.2 / 19.7 / 21.0 56.8 / 63.3 / 65.1

AERXT A bR, AR T A EIBRH] (with graph constraint, XA S0 VF I —F05C &) AT
EIBE ] (no graph constraint, REXFHI4A O VF TN 2 Fl oG 2R ) (01 9 g

SCERERTS. SIS AN Tang &5 4 (R B — 80 2566 PR E, b3 G K EEASK
F 1000 12, ENPEHIE—E] 1000 1§ 5. AR E LRLARMATIR T, K08 R T gE 8 24
/N 600 153, BIRIE— R BRI AR FR LU A S, SR L ResNext-101-FPN 1421 Jy /2% [1) Faster
R-CNN B8] AR Ry pi i il 2% . FoNZRabar T )5 8237 5 B AR G 7 (I 5. 7RI Zk3% 5 1 A i3 A i
T 5 S h, SR SGD 1E NARALRS, MRS ST RN 1 x 1072, FHERE S 12 5KEG, SOk kBl
50000 K. MIELLPEIRIEIGTELE BRIV REER A LTI, 2 ) F g N JFOR M 1/10, 2 2] )
REEVRIEOIPRUR . 125 > 262 D3 Tt 5 R SR D B EL (v A 3 de IR AR IR, Yo AR B2 i

+
4h

4.2 HRHSCI

PA Motif 101 Jy37y 5 AR s M, 75 VG150 B4 b T Ry mhseae. ik 51 NAS [ (9 Bin g A,
ST ABP 793R A RO AR [ B LA R, B S 55 B ROAS TR LI : (1) AR M8 50 50 A5
IBENLME (Random), BI 58 43% A i i (FRE 1 SRS 4); (2) VG150 EGEHHII& 5% R HBUR
X HUE (Frequency), BT &KX RS TH oA BA KRERHE, B RAMEA I (R RR 1 HR iy se
5 5); (3) ATELHLIK AR g8, & HEXMNIIEBEMNE q; I (Window, ¥R 1 HHISLLE 6);
(4) FTHELALR AP gglo B SRR AN SAEB AT g;; M0 (Shuffled window, Bl ABP BJSZHL =, X
M 1 SR 7). PAE 4 TSZIGHEGEAE T ABP J7iEMRE, B R EVIZRI BES NG R S, T i
TG RAMKIGA W7 3. BRI A6, AENEANOEE, B — A 505, RN B AR B w70 5C
R T 45 S S DR e B O R, KR 1 AR SEG 8~11. H A, KT RN LL SRR EL, AN
Jeik kT Motif /E AP —ANEL 17 Motif+TDE 14 J7 ik b Y, FI ABP J5 ik IE 3 I, ASEEI
Az AR R, RAEAEWT I B LT &5 AT 5 A B, (R R g A 5 — AN R ) b k.

ABP FERIBRME. S5 5~7 55 3 WG| T W Seie 5 R 2L 2 XFEL, nTRUKI ABP 77
IEAEINGRIY B 50 NG D 20 SC e 2 AR5 B 200, (A E A w58 R0 5L, #813 mRAK A &
EZRTE. 5 AERERR RQK )— @R 0N B, 3% 02 R A AH 24— 350 53 (1) S350 0% 2 4 T ol 5 SUAH
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5 (MEMRFE) BBOTRENLEXR (REBREEARSD) W ABP FHiETNAH AR EEFRR R R R EFT &L
Bl. BF=ERS], AIAANESSHERT 3% BXFRWAN “H” #o

Figure 5 (Color online) The more precise predicates and their corresponding ratios predicted by ABP, which are originally
annotated as the vague head predicates (the highlighted green parts). The predicates with ratios lower than 3% in the first
and second charts are shown as “others” because of the restricted space

(a) (b) (©

6 (MEIFE) (a) Motit 19 753%, (b) TDE 14 3370 (c) ABP 75 55FME % RER LB
(Color online) The confusion matrices of relationship prediction from (a) Motif 19, (b) TDE['4 and (c) ABP

Figure 6
I SEAER I R AR R, T RQK Fabs i & 132 SRk RS2, anf&] 5 Pos, A7 T SR8 & “on”
AR AF B2 S, T ABP & BTN v 2 SCHE A2 T 5 3], Ebtnos “AJ@” &
SCRF, Pl A “attached to”, “part of” &%, Ko “ L™ & A, FO N HEAERRF “riding”, “standing
on” &, WEZMEMKX RPN LK, (H ROK xifie N, XMIER RAK # mROK BN FEE
FEbR R A . IXFILARIE TDE, BGNN 12, BA-SGG % 8L ik h B REMIEEE). 5 ik m W10 E
BT LE S, S5 4 5l N BB SIBENL S A FE A e R AT VE R, X AR ABP 7764 R R R AS
FET 9NN T RIS, WAET 50N BN TR AT (s LIRS, G O WL R B D0 3504 fe 4 B 7 55 P A e B
By 2], TDE J5i55 ABP AE], HAGEm AR s as I ghd 1, R AE FLHEWT oY Brd AT — L8 5 Ab 2.
I ABP J7iEAEIZRB B b A8 il SE S i oy =, 5 RAEHERTRN B2t SR J5 AL 31 TDE J7iEAHEL,
ABP X EHRIOCRA Homr 2= 2168 /1. INEL 6 FRIRIEFERE T LUK, A ABP J732: BTt 45
FELIELE Motif A1 TDE J7 ik 5 4.

AEMR LAY BRI, X EESEgs 5~7 5L 3 M R WL, S256 5 v gl N B2 EE S 40
(96 F Al AR, X TR0k T & #OM R, PR RE IR 22, 1S58 6 A1 7 51N IXSE g 1) 50 Z T 73 4L,
DRI RS SE AP e e b S8 7 SN FT L & 1 23 BOEASAG i 40 s R (8 T30 25 SR A i,
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& 2 PredCls EFTERTRE § ERHSEIEER (%), A Transformer ARREEMR[HNEM ABP 5%
Table 2 PredCls results (%) based on the ABP-assisted Transformer with different settings of 8

B mR@20 mR@50 mR@100
0.1 31.2 38.6 41.2
0.2 31.1 38.3 40.9
0.5 30.7 37.7 40.5
1.0 31.2 38.2 40.1
2.0 31.5 38.1 40.5
5.0 30.9 38.3 40.7
10.0 29.7 36.4 38.8
20.0 29.3 35.9 38.5
50.0 26.3 32.4 34.9

117 AN EHGAZ B AN B, 1A 58 22 1) O AL ITER) 51 N8 o 1 37 55 TR1 2B R B S e i, Lt — 2D 3RS T
29 2% WIVERESETY. e, EONBAMILEE, FEHEWTEN B IR B A I 20 SO, X b SIRBs: 8~11 M2 2, &
L ABP 5INIHET XA W IN 53¢ (258 10 A1 11) Hagd gt mROK, 3 H RAK JL TR
£, 1K 22 IR PR AN R 00 45 R ) B S BUR PR RESR T

HEREFEE. £ (13) 2 XHERIR R B P AAAE AN 7. Hoh, 28T o A7
PR Lo T Lo M Lp WK AN, FEAFREIESE LRSS (W 4.3 M) R o BN 1
A DAERAHAS RE A R A RO TERE, 1K S ELA RE 7 TAE 610 ji 8 — 2 i LR, 2 RO RTE =
TER AR, HAEE S RAR L 1, BRI PTIIA R R EAZ M. AR o BEN 1. XT3
757 B, BA Transformer U8 J937 5% AR s M, 7E VG150 Bdfa 58 b8 G2 FLHUE X M BE R 2. 4
R 2 R, SiREW, 2 5 BUEAE 0.1~5.0 ZIAIAZSNI, XHEREIF A B3 IR 2 8 BUE Y 10.0
s CA B, PEREABONWR MR XY 8 BB BRI, AR5 F 37 5 B A s MR T 2R, Xt
KM A RE S AN, SEERE N B UL, D9 75 (85 S2Sei050iE, A0 g BUEBERN 1,
BRI A R T 4 S MY R SR A s MO DTRRAE 2.

4.3 SBRBEFHERXILL

ABP J7iEEH TA R s B A RS IUA I E iR 5 B A S 646 Motif 10 F1 VCTree (6,
DS Hs Transformer 181 R FH 137 5 B AR A0 1) — 22 i 14280 AT TE R LR o5 [ A i
ISR ABP J7VERIE R, SRR I ABP FERC— SIS RAE VAT DU — B SR T M RE, DRI S
HHHCR A T B BEE SR AE (bi-level resampling, Birsmp) 12 777%. 2 5% L REE TAEEHE Motif 10,
VCTree [, GPS-Net 32, GB-Net-3 33, PCPL 431 fil BGNN 12 &%, BRubLAAL, 304 K& (14 T3
TR TAE, G35 TDE ' Fl BA-SGG % 25, 7F VG150 LsRiess Fansk 3 Al 4 44 Fos. 4h
FHATCURIL: (1) ABP HiEE mRQK fabs bR EHE 7 BEA /7% (2) ABP F1 Reweight, Birsmp
ARG E I, BERAETTEA L, SE R0, RN, ABP A AR b A0 254 R A D7 VR IE & 48
RERE IR1G AP IR e AT B2, £ SGGen RS BUE T, SHRFEITIEM ABP B & H L
FEAGOAE FA P DB E T B, AT REJE R AEMBOE T, 75 S A1 21 1 fige ik 5 200 FIARTE I 5% &/
X HEAT UCAC R 45151 5% Z0 4 B MIAR RS (RRIE A2 FAE B G F5 R IUT L ), T ks Ul 453 38 (i 4 Ak 12 57
MEFEAKE, R RAE IS 1 5 2 B EOC R A, W] BescA ILEC_EA%E S R %F. 534k, /£ VRD M
Openlmages L HISEIREE Rk 5 F1 6 fon (LA Openlmages AR VAISEIG 45 R 51 H Li & [12]
() TAE), XA T ABP 5k AT iz .
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% 3 VG150 Mk EMEEIRFEN THSIRER (%). $—EG% (MEZSHE) U VGG16 4 ZEEM
4%, Hit75350 ResNeXt-101-FPN 2] 5 85m%. 5 ARCHENSINGRBAEMmE. MAMTRIZ%
IRl REFFURGF ERE

Table 3 Results (%) of mRQK (with graph constraint) on the test set of VG150. Models in the first group (grouped by

the horizontal lines) use VGG16 [44] hackbone, while others use ResNeXt-101-FPN [42] backbone. Methods with t mark are
implemented by ourselves. The top-2 performances are shown with bold and underline, respectively

Method PredCls SgCls SGGen
mR@20 mR@50 mRQ@Q100 mR@20 mR@50 mR@100 mR@20 mRQ@50 mRQ@100

GPS-Net [32] 17.4 21.3 22.8 10.0 11.8 12.6 6.9 8.7 9.8
GB-Net-3 33 - 22.1 24.0 - 12.7 13.4 - 7.1 8.5
PCPL [43] - 35.2 37.8 - 18.6 19.6 - 9.5 11.7
BGNN [12] - 30.4 32.9 - 14.3 16.5 - 10.7 12.6
Motif (10, 14] 11.5 14.6 15.8 6.5 8.0 8.5 4.1 5.5 6.8
Motif+Reweight [1014] 16.0 20.0 21.9 8.4 10.1 10.9 6.5 8.4 9.8
Motif+TDE [14] 18.5 25.5 29.1 9.8 13.1 14.9 5.8 8.2 9.8
Motif+Birsmp [10,12]1 19.7 24.2 26.1 11.7 14.2 15.1 6.9 9.5 11.2
Motif+BA-SGG [19] 24.8 29.7 31.7 14.0 16.5 17.5 10.7 13.5 15.6
Motif+ABP 29.4 35.6 37.6 15.9 19.2 20.2 10.2 13.7 16.5
Motif+Birsmp+ABP 31.0 36.5 39.0 18.6 21.6 22.9 10.6 14.5 17.5
VCTree [6:14] 11.7 14.9 16.1 6.2 7.5 7.9 4.2 5.7 6.9
VCTree+TDE (6 14] 18.4 25.4 28.7 8.9 12.2 14.0 6.9 9.3 11.1
VCTree+Birsmp [6: 1211 20.4 25.1 26.8 14.3 17.0 18.0 8.2 11.3 13.1
VCTree+BA-SGG [6:19] 26.2 30.6 32.6 17.2 20.1 21.2 10.6 13.5 15.7
VCTree+ABP 29.8 36.3 38.4 19.5 23.0 24.1 10.2 13.7 16.2
VCTree+Birsmp+ABP 31.0 36.8 39.0 23.0 26.8 28.5 9.0 12.1 14.7
Transformer (14,1811 13.5 17.0 18.5 8.1 10.0 10.6 6.0 8.2 9.7
Transformer+Birsmp [12 18] 20.3 25.5 27.7 13.2 16.1 17.4 7.6 10.4 12.4
Transformer+BA-SGG [19] 26.7 31.9 34.2 15.7 18.5 19.4 114 14.8 17.1
Transformer+ABP 31.2 38.2 40.1 18.3 21.9 234 11.5 15.4 18.3
Transformer+Birsmp+ABP 33.8 39.5 41.9 20.0 24.3 25.5 11.2 14.8 17.5

% 4 VG150 Mit&E M TERSEN THSEEER (%). £—HA% (UEESE) L VGG16 44 HEER
4%, HAt77358 ResNeXt-101-FPN 21 HELEME. B 1 FRICHFEANIRGERBATES MR, MABFTL
Lo HNRBREFFRLFIERE

Table 4 Results (%) of ng-mRQK (with no graph constraint) on the test set of VG150. Models in the first group (grouped

by the horizontal lines) use VGG16 [44) backbone, while others use ResNeXt-101-FPN [2] backbone. Methods with t mark
are implemented by ourselves. The top-2 performances are shown with bold and underline, respectively

PredCls SgCls SGGen
Method ng-mR@20 ng-mR@50 ng-mR@100 ng-mR@20 ng-mR@50 ng-mR@100 ng-mR@20 ng-mRQ@50 ng-mR@100
GB-Net-3 33] - 44.5 58.7 - 25.6 32.1 - 11.7 16.6
Motif [10,36] 19.9 32.8 44.7 11.3 19.0 25.0 7.5 12.5 16.9
Motif+Reweight [10:14] 20.5 33.5 44.4 12.6 19.1 24.3 8.0 12.9 16.8
Motif+TDE [14:36] 18.7 29.0 38.2 10.7 16.1 21.1 7.4 11.2 14.9
Motif+Birsmp 10,1211 27.9 43.2 55.5 16.5 24.9 31.5 9.6 14.9 19.6
Motif+ABP 340 48.8 59.9 193 216 332 121 181 231
Motif+Birsmp+ABP 36.2 50.5 61.8 21.7 29.5 35.0 12.2 18.3 23.2
VCTree [6: 14, 36] 21.4 35.6 47.8 14.3 23.3 31.4 7.5 12.5 16.7
VCTree+TDE [6,14,36] 20.9 32.4 41.5 12.4 19.1 25.5 7.8 11.5 15.2
VCTree+Birsmp (61211 28.8 43.4 55.6 20.1 30.5 38.3 114 17.4 229
VCTree+ABP 34.7 50.1 61.0 23.6 33.0 39.9 12.3 18.2 23.0
VCTree+Birsmp+ABP 35.9 51.4 62.6 26.4 36.2 44.4 10.7 15.9 20.8
Transformer [14 18] 20.4 34.7 46.7 12.9 21.1 27.8 8.2 13.6 18.7
Transformer+Birsmp [12: 18] 28.2 43.6 56.1 18.2 27.5 34.3 10.5 16.7 21.7
Transformer4 ABP 349 49.6 60.7 21.1 29.3 35.1 13.2 19.6 24.5
Transformer+Birsmp+ABP 38.1 52.2 62.6 23.0 32.2 38.2 13.0 18.7 24.2
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BRSNS RBATEMME. MERRSFHMELE

Table 5 PredCls results (%) on the test set of VRD. All models use ResNeXt-101-FPN [42] backbone. Methods with
1 mark are implemented by ourselves. The best performances are shown with bold

Method mR@20 mR@50 mR@100 ng-mR@Q20 ng-mR@Q@50 ng-mR@100
Motift 8.3 9.6 9.8 14.2 25.3 36.4
Motif+ABP 18.7 20.7 21.1 23.9 33.3 42.4
VCTreet 9.2 10.3 10.6 16.5 29.2 42.2
VCTree+ABP 20.1 21.8 22.2 25.6 37.2 49.0
Transformer! 9.6 10.8 11.0 16.6 29.4 38.0
Transformer+ABP 19.0 21.6 21.9 23.3 34.6 42.8

% 6 Openlmages MiX&E L SGGen IEHIRER (%). HEILL ResNeXt-101-FPN 421 JB4upsk.

B« WCHAEER TERERAR
Table 6 SGGen results (%) on the test set of Openlmages. All models use ResNeXt-101-FPN [42] backbone. Methods
with * mark apply the re-sampling strategy

Motif VCTree G-RCNN [24] GPS-Net [32] Motif+TDE BGNN [12]* Motif+ABP

mR@50 32.7 33.9 34.0 35.3 35.5 40.5 39.8
Head | Body 1 Tail Motif
! ! TDE
08 \ \ ABP
: 1 1
1 1
1 1
1 1
1 1
0.6 I I
1 1
1 1
1 1
1 1
1 1
0.4 1 1
1 1
1 1
1 1
1 1
1 1
0.2 1 1
1 1
1 1
1 1
1 1
0.0 : :
=] 5 2™ c 0 g g 5 = > > s = ® g 5o & o g
g g ESEEREZEETEEEEIEEEEEECBECFEEEEEEEEEREES
8 S252 8935 EFZRTZZEEESSECE gSEFEREEIZIECEGE
@ § & = = s 5 555 @Aa®r g™ e g Qg 2 %8202 =8 5 ]
e ® & ®® gEZ2®® S o088 @ = e 257 @ %8 g5
B g ° = o @2 s g 3R = B o = - S
d 1= o =1 = - = = o 53
g s = 8

7 (MEIRFE) VG150 EAREHENEXRIFE PredCls 25 TH RQ20 1£5E
Figure 7 (Color online) PredCls per-predicate R@20 results of different methods on VG150

N T LSS ABP SRl SRR S8 R I H Bl & 7 R T ANFEIJTEAE VG150 B RIEEA
RAKIH B, AL Motif, TDE Al ABP XA [F]2E 55 (520 B AR S, #e A2 L i3n]
IR, AR AR RERER BRI (2 ABP XS TR MRS T BN 2, JCI R AR BRI R AR
KFZ b, TDE JUFERAEMER, T ABP 38R € AT IR TI0 Hk.

Bl 8 s 7R ABP GRS K R IR AR M. T B 5249, Motif Tl ) 9% 22 5 42 i 1]
TERHRIR AR, IR 9% R AR R A Sk i 0% R AOME R TS G . ABP SN 70 30 42
FRIME 2 (B O 1) TS0 00 &R AEIX AN 73 SC IR B 355 AR ol 58 22 1) B 0 e R B R T I Ok &
o) b, SREROR R UML), ROk AR B MERAT AR X T

ATMALEER. B 9 JBZR T Motif A1 Motif+ABP J7 /=L (3 s 5], Hh A — 28l Motif il
WEIoE R AR, tanss 1 NEH ) “giraffe near leaf”, 5 3 MW “girl on skateboard” A1 “hair
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“§ ?=on . ?7=on N ?=parked on

?=carrying

‘ ?=holding

man-?-skateboard

(a) (b)

8 (MEMFE) NEEENHA (a) ERHAUK (b) FRiE Motif £ M. (c) BRMWUSIT M\ F
(d) M’ HBNIIZRE Motif £ RER M FERXRRER. FEMNIRNXRFIDIHRTFE-BHAL—H
Figure 8 (Color online) (a) The samples and predicted probability distributions over the predicates from (b) original

Motif M, (c) the biased branch M’, and (d) the Motif generator M trained with M’. The green and red predicates are
correct (GT) and incorrect (non-GT) ones, respectively

(d)

giraffe leaf giraffe leaf window
ar cating
mountain tree mountain tree
behind behind

trunk /1S trunk /1S

gik2  skatcboard-2 g2 skateboard-2 plne il
on Tiding
girkl  skateboard-1 girkl  skateboard-1

o _ iding
3 | wearing S wearing belonging to

jacket hair jacket hair

(a)

&9 (MEFE) Motif (a) #1 Motif+ABP (b) £ PredCls IS IRE T ZEMIFRE. B, KGMLEH
RXRPDAFRRZDSIRE—H SRET—RETLUER . SIREA—HAER

Figure 9 (Color online) Scene graphs generated by Motif (a) and Motif+ABP (b) under the settings of PredCls. The
blue, purple and red predicates are correct (GT), incorrect (non-GT) but reasonable, and incorrect (non-GT) and wrong
ones, respectively

on girl”, 5 4 NEHH “number / logo / engine on plane”, {HIX &M I35 A X B _b R A bR
M Motif+ABP K EA 1M N “giraffe eating leaf”, “girl riding skateboard”, “hair belonging to girl”,
“number / logo painted on plane” 1 “engine attached to plane”, IX$&5¢ R FAFF S hriE, BAMIR
HIHERAFE R B iy (SEBR L, W1 “number / logo / engine on plane” S8 H AU KEH, KN on BEW]
DARRIE B SE R Ry “PRAEE BTfD, (R ) DARE BRAR AR “FE -+ Frhn, RIS T A 175 700 5 I 5 DL {HL 4
AR I, — BRI TS R 20 R R I Ah, —2EOC R Motif TRES R, Lt 2 MEIFE “man
has wheel”, 1] Motif+ABP IHUE HIMA “man using wheel”.

BYZEFFEH. ABP J7Vo83 55 A s 5| N 70 32, W RE2 P AL AA MBI 1A) B2 25 )T 4. 3R 7
st 1A FEIRE R B UINZRIN TR) (Hr T EHERTRY B, A 70 32 LB, BRIt ABP T3 AN S BT R )
M HE. HAMEAEE 2 BRS04 NVIDIA TITAN RTX [ GPU 3TN, SRt 12 9
BIR. 463K 3, 4 M 7 L5 R AT LG tH, ABP J7VELE RGN/ 8 ff Ik 2 TF 85 (10 195 0 5t A ok B
FITEREI ot BARRIN: IR BER UG B FEI A G2 0.1~0.2 s, ZEEIIINZ 276 M (X
T Motif, VCTree Al Transformer 1M &, 7 AIAHXE M 19.2%, 19.7% F1 21.4%), £ VG150 L, Motif,
VCTree A1 Transformer 25 3 Fhiz A 28N ABP J712: )5, £ PredCls 55 F ) mR@20 f&4r3k
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Table 7 The training time under PredCls task and number of parameters

Method Average time per iteration (s) # Param (M)
Motif 0.79 1435
Motif+ABP 0.97 1711
VCTree 1.43 1401
VCTree+ABP 1.53 1677
Transformer 0.96 1292
Transformer+ABP 1.13 1568
1.0 0.
Motif
ABP
0.8 1 0.28
0.6 | 021
S) i 3
~ 04 \\ 0. 145
.\
0.2 \\._. 0.07
il
N|
0.00

0.0

10 (MEMFE) VGVRD EAREGZENEEXRIAE PredCls EETH RQ20 MHEE. kTR E AR
bk

Figure 10 (Color online) PredCls per-predicate R@20 results of different methods on VGVRD. The line represents the
frequency of 91 predicates in VGVRD

BT 17%~18% HILaxT 2T}

4.4 FEHIREWIESLE

R TR IRAUE ABP kRIS, T BRI U AR B AR AR T BE M, H R e
FITHI [a) HFB0R 2R 145) {137 5 B AR Bt 7T 4 T2 B B B, AR/INT LA — Py SgAT S0 E . BART &, 5
VG150 1 VRD FIYIZREE S MR B &I, X R REGHEHEHE] 01 FiARIKR. &5 MEEE
LN VGVRD HdE4E. 1T VRD &5 2 1 S 400 FE 1) 5 &), PRt VGVRD 52 21 58 7™ 5 [
BRI, Wk 10 hIFLeFR. &%, £ VGVRD B EIHR, 45 Bk 10 € 8 thef 1 M
2ATEE RN, BARTESR oAb Bl BB i ok & LA ABP J7vEAERASK, {HAT Motif ALk, ABP
T3 R AR T R ) 5% AR 1 RE.

PN RIAT S HAR AR, WK 8 PFrow, XL PEE 3 M1 4 47, 55 5 Ml 6 AT45 R, v LUR 2L
AR NSO R, ABP JE ARG A BER T mRQK, J0UF 7% 5 iR IRz
TELENE.

5 HRSRE
T 37 57 Pl A S S AT O 500 S M 1 [0~ 000 13 AT v (ELAN HEAf P S 2R 1) 1) A, AR S T
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Table 8 PredCls results (%) of the cross-dataset experiment. All models use ResNeXt-101-FPN [42] backbone

Training set Test set Method mR@20 mR@50 mR@100
Motif 8.0 10.0 10.7
VGVRD VGVRD Motif+ABP 18.4 22.5 24.0
Motif 12.9 16.2 17.6
VGVRD VG150 Motif+ABP 27.8 33.8 36.1
VGVRD VRD Motif 10.7 12.1 12.4
Motif+ABP 14.2 17.6 18.4

B O L TN B AR B R S A ST O R AN R AR AR, SN SR R AR
REATN 3 3¢, RIS SR B AR i 4724 20 TR G R b, A T 23 S C & e s BT I
SR, MAERER AR L, A0 7 SCRIURZE, X e 25 s SN B2 5 BRI B AR &,
LTINS RAS AN, SRV RS, WRAE T TR TR A RS2 A TR LI 51N TR, i I
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Abstract A scene graph is a structural representation of a scene comprising the objects as nodes and relation-
ships between any two objects as edges. The scene graph is widely adopted in high-level vision language and
reasoning applications. Therefore, scene graph generation has been a popular topic in recent years. However, it
is limited by bias due to the long-tailed distribution among the relationships. Scene graph generators prefer to
predict the head predicates, which are ambiguous and less precise. It makes the scene graph convey less infor-
mation and degenerate into the stacking of objects, restricting other applications from reasoning on the graph.
To make the generator predict more diverse relationships and provide a precise scene graph, we propose an addi-
tional biased predictor (ABP)-assisted balanced learning method. This method introduces an extra relationship
prediction branch that is especially affected by the bias to make the generator pay more attention to the tail
predicates rather than the head ones. Compared to the scene graph generator that predicts relationships between
object pairs, the biased branch predicts the relationships without being assigned a certain object pair of interest,
which is more concise. To train this biased branch, the region-level relationship annotation is constructed using
the instance-level relationship annotation automatically. Extensive experiments on popular datasets, i.e., Visual
Genome, VRD, and Openlmages, show that the ABP is effective on different scene graph generators. Besides, it
makes the generator predict more diverse and accurate relationships and provides a more balanced and practical
scene graph.

Keywords scene graph generation, long-tailed distribution, additional biased predictor, balanced learning,
region-level relationship
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